Transcription factors (TFs) are proteins that are fundamental to transcription and regulation of 13 gene expression. Each TF may regulate multiple genes and each gene may be regulated by multiple TFs. 14 TFs can act as either activator or repressor of gene expression. This complex network of interactions 15 between TFs and genes underlies many developmental and biological processes and is implicated in several 16 human diseases such as cancer. Hence deciphering the network of TF-gene interactions with information 17 on mode of regulation (activation vs. repression) is an important step toward understanding the regulatory 18 pathways that underlie complex traits. There are many experimental, computational, and manually curated 19 databases of TF-gene interactions. In particular, high-throughput ChIP-seq datasets provide a large-scale 20 map or transcriptional regulatory interactions. However, these interactions are not annotated with 21 information on context and mode of regulation. Such information is crucial to gain a global picture of gene 22 regulatory mechanisms and can aid in developing machine learning models for applications such as 23 biomarker discovery, prediction of response to therapy, and precision medicine. In this work, we introduce 24 a text-mining system to annotate ChIP-seq derived interaction with such meta data through mining PubMed 25 articles. We evaluate the performance of our system using the gold standard small scale manually curated 26 TRUSST database. Our results show that the method is able to accurately extract mode of regulation with 27 2 F-score 0.77 on TRRUST curated interaction and F-score 0.96 on intersection of TRUSST and ChIP-28 network. We provide a HTTP REST API for our code to facilitate usage. 29 Availability: Source code and datasets are available for download on GitHub: 30 https://github.com/samanfrm/modex 31 HTTP REST API: https://watson.math.umb.edu/modex/ 32 33 Index Terms-Text mining, information extraction, name entity recognition, biological NLP, biomedical 34 literature, gene regulatory network, mode of regulation. 35 36
INTRODUCTION 37
Gene regulatory networks are essential in many cellular processes, including metabolism, signal 38 transduction, development, and cell fate [1] . At the transcriptional level, regulations of genes are 39 orchestrated by concerted action between Transcription Factors (TFs), histone modifies, and distal cis- 
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Moreover, knowledge on interactions between genes and biomolecules is an essential building block in 46 several pathway inference and gene enrichment analysis methods that aim to annotate an altered set of 47 transcripts with biological function [6, 7] . There are several sources of publicly available biomolecular 48 interactions, including, signaling pathways, metabolic pathways, and protein-protein interactions [8] [9] [10] .
49
Databases of transcriptional regulatory network include JASPAR [11] , the Open Regulatory Annotation 50 database (ORegAnno) [12] , Swissregulon [13] , the Transcriptional Regulatory Element Database (TRED) 51 [14] , the Transcription Regulatory Regions Database (TRRD) [15] , TFactS [16] , TRRUST [17] , and the 52 Human Transcriptional Regulation Interactions database (HTRIdb) [17] . These databases include 53 biologically validated and computationally inferred gene regulatory interactions and have been assembled 54 with a variety of approaches, including reverse engineering approaches based on high-throughput gene 55 expression experiments [18] [19] [20] , text mining approaches [21] , and manual curation [22] . These databases 56 are a valuable source of gene regulatory information, however, there are several constraints that limit their 57 usability. For example, databases of computationally predicted and expression-driven interactions are 58 typically very noisy. Importantly, the majority of the databases do not report the direction of regulation (up 59 or down) -which is crucial to understanding the functional behavior of the cell.
60
A high-throughput experimental approach for identifying regulatory interaction is chromatin 61 immunoprecipitation followed by sequencing (ChIP-seq). In ChIP-seq methodologies, antibodies that 62 recognizes a specific TF are used to pull down attached DNA for sequencing. The ENCODE (Encyclopedia 63 of DNA Elements) consortium [23] has produced vast amount of publicly available high-throughput ChIP-64 seq experiments that are processed and deposited into databases such as GTRD [24] and ChIP-Atlas 
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There is a vast amount of literature on text-mining for various application [27] . Essential text mining steps 81 for biomedical relation extraction can be divided into 3 steps: (1) information retrieval (IR), (2) entity 82 recognition (ER), and (3) information extraction (IE). Together, they can be utilized to identify and extract 83 specific biological knowledge from literature [28, 29] .
84
IR tools retrieve relevant text information from articles, abstracts, paragraphs, and sentences corresponding 85 to subject of interest. A popular IR approach for biomedical application is the use of Boolean model logic 86 (AND/OR) for extracting relevant information containing specific biological terms [27] . Prominent IR tools 87 that use the Boolean logic model are iHOP [30] and PubMed. PubMed utilizes human-indexed MeSH terms 88 to reduce the search space and retrieve relevant abstracts containing user specified keywords. iHOP builds 89 on PubMed and is able to detect co-occurrence of terms. A limitation of iHOP is that the terms must occur 90 in the same sentence.
91
After the IR step, ER must be used to identify relation between biological entities. This is a challenging 92 step as entity names are not unique. Therefore, ER tools must take textual context into consideration to 93 accurately detect entities. For example, gene names may have different variations in ortho-graphical 94 structure (e.g. ABL1, Abl1, Abl-1) or multiple synonyms (e.g. ABL1, ABL, CHDSKM, Abelson tyrosine-95 protein kinase 1). ER methods, typically divide the task into two steps, (1) [42] 104 and gene-gene interactions [43] . For gene regulatory networks, which is the focus of this paper, the RE 105 system must detect and extract a causal relation between a protein and a gene (e.g., A regulated B). This 106 task is very complex, even for human experts [44] . To illustrate, consider the causal relation "aatf 107 upregulates c-myc" that should be deduced from the following sentence: "down-regulation of c-myc gene 108 was accompanied by decreased expressions of c-myc effector genes coding for htert, bcl-2, and aatf" [45].
109
Extracting a positive regulatory interaction between aatf and c-myc is quite challenging using simple RE 110 methods. For example, the RE method, may naively annotated the interaction as negative because of the 111 keyword "decreased". However, by taking "down-regulation" into account, the RE method would able to 112 correctly extract a positive regulation from this sentence.
113
Construction of a causal transcriptional regulatory network by traditional means of text mining is hampered 114 by these challenges and as a result, fully automated text-mining based models are limited in their scope and 115 accuracy [27] . Combining experimentally-derived regulatory interactions from high-throughput sources 116 with text-mining approaches can bridge the gap between the two approaches and address their 117 shortcomings.
118
In this work, we present a hybrid model ModEx, to mine the biomedical literature to extract and annotate 119 causal transcriptional regulatory interactions derived from high-throughput ChIP-seq datasets. Specifically, 120 we applied our text-mining method to extract experimental TF-gene relations reported in ChIP-Atlas 121 (assembled from all publicly available ChIP-seq experiments) from biomedical literature and annotated the 122 retrieved interaction with meta-data, such as full supporting sentences, PubMed ID, and importantly mode 123 of regulation, which is missing from ChIP-seq data. It is important to note that our approach bypasses 124 several of the challenges of fully automated text-mining methods, including query translation for a 125 particular interaction, relevant citation retrieval, entities recognition and regulatory annotation. We 126 evaluated the performance of our model using the TRRUST network [22] , which contains 9,396 manually 127 curated regulatory interactions. Our model was able to achieve an F-score 0.77 in retrieving and annotating 128 the TRUSST network. When applied to TRRUST reported interaction that are also present in ChIP-seq 129 data, the method achieved an F-score of 0.96. 130 131
MATERIALS AND METHODS 132
We begin by a brief overview of our text mining approach for extracting and annotating ChIP-seq derived 133 TF-gene interactions with meta-data. We acquired all citations from PubMed abstracts by submitting contains all publicly available high-throughput ChIP-seq experiments. We assembled regulatory networks 153 from these interactions using various cutoff criteria for ChIP-seq peak signal score and distance to the TSS.
154
The least stringent criterion results in a network with 4 million interactions between 758 TFs and 18,874 155 target genes. There is no reported mode of regulation in this database. 156
Extraction of relevant citations 157
For each regulatory interaction in our assembled ChIP-derived network, we developed an IR system to 158 retrieve the information from the literature. Figure 1 
176
The queries were submitted via the PubMed engine, a search engine that provides access to the MEDLINE 177 database of references and abstracts on life sciences and biomedical articles. In our implementation we 178 utilized Biopython [50] to run the queries through PubMed engine. We applied a filter on retrieved abstracts 179 and retained only those containing expert-generated "regulatory events" as presented in Table 1 
Gene and regulatory event recognition 186
The next step in the pipeline is to identify biological entities within the abstracts. Figure 2 
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To further enhance the NER system, we implemented and added an additional NER component as follows.
203
Abstracts were normalized to uppercase format and searched for gene acronyms using a manually-curated 204 lookup table [52] . This table includes long term / short term pair association to recognize entities, which 205 were missed by the external NER tools. For instance, AR is a short term for "Androgen Receptor" and was 206 only detected as an entity (transcription factor) using this lookup table. Furthermore, we utilized a name 207 similarity metric to identify strings with lexical variations such as whitespace and punctuations. For 208 instance, "IL-12" and "IL12" are two lexical variations of "Interleukin 12". The former version was not 209 identified by the External NER systems. In our implementation, we set the entity detection threshold based 210 on Jaro similarity [53] of 0.9 or larger between the query entity and the string in the abstract.
211
Next, we normalized the annotated word or a group of words corresponding to a gene to their HGNC symbol 212 for simplification of downstream analysis. Regulatory events were also annotated using our expert-213 generated categories (Table 1 ). Figure 3 illustrates the normalization of gene names and annotation of 214 regulatory events. Sentences that contained no regulatory event were excluded from further analysis. 
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The second rule is relation-of-effectee-by-effector (e.g. Activation of A by B). These rules were applied to 247 both paths from root to query entities to identify their regulatory dependency. Figure 5a illustrates the 248 regulatory relation extraction using these rules. Some sentences in the literature have complex structures, 249 which cannot be captured by these language constructs. To address this, we also incorporated a negation 250 rule to increase the performance of the RE system. For example, consider the following sentence: "LMP1 251 suppresses the transcriptional repressor ATF3, possibly leading to the TGFβ-induced ID1 upregulation" 252 [54] . In the first pass the system assigns a positive mode to the interaction between ATF3 and ID1.
253
However, there is a negative interaction between the TF and target gene. The negation rule considers the 254 negative event "suppresses" related to ATF3 and switch the positive mode to negative. Figure 5b 
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we can see the impact of the negation rule to extract accurate sign to this pattern. Two paths from root to query entities 262 contain negative regulatory events which carries an activation/positive sign for the pattern.
263
We then ranked each subtree based on the sign of regulatory interaction between the query genes. The 264 weights of the graph encode repetition of regulatory relations across sentences and abstracts. we considered 265 the weights when there were more than one regulatory event associated with the target gene. In this case, 266 an event with higher weight was selected for ranking the subtree. We also considered distance of events to 267 the target gene when the weights in the subtree were equal. The closest event to the target entity will take 268 the highest priority for determining the interaction sign. Finally, we investigated signs in every candidate 269 subtree and assigned a total sign of regulation to the interaction using a voting scheme.
271

ModEx HTTP Interface 272
We implemented an HTTP REST server for users to programmatically annotate gene regulatory networks 273 using ModEx. Clients should make HTTP requests to the server with a particular format, specifying the 274 query entities and optional MeSH term to annotate. The query has to be requested in the following format: 
Classification Performance 283
We evaluated the performance of our method using the TRRUST database, a manually-curated network or 284 regulatory interaction with partial information on mode of regulation. TRRUST is a high-quality database 285 and can be considered as gold standard for our benchmark. We applied our method to 5,066 regulatory 286 interactions in TRRUST for which information on mode of regulation was available. 
ChIP-Atlas Analysis 306
We next sought to extract and annotate ChIP-seq derived TF-gene causal regulatory interactions from 307 literature using our system. Such meta-data and evidence from literature can increase the confidence in the 308 TF-gene interactions identified by ChIP-seq experiments and further shed light on the mechanism of 309 interaction. Information on mode of regulation in particular can be helpful to enhance the accuracy of 310 enrichment algorithms for regulatory pathway inference [55].
311
We applied ModEx to ChIP-seq interactions, with moderately stringency criteria, i.e., binding distance 312 within 1k of the TSS and ChIP peak score > 950, resulting in 43,444 interactions. The system was able to 313 detect and annotate 1,592 of interactions in PubMed database. Table 3 outlines 
Directional enrichment analysis 330
To demonstrate the utility of our annotated network, we used our network in conjunction with a directional 331 enrichment analysis algorithm [55] to identify drivers of differential expressed genes. We utilized 332 quaternaryProd, a gene set enrichment algorithm that can take advantage of direction of regulation on causal 333 biological interaction graphs to identify regulators of differential gene expression. The algorithm can take In this work we presented a fully automated text-mining system to extract and annotate causal regulatory 366 interaction between transcription factors and genes from the biomedical literature. As a starting point, our 367 method uses putative TF-gene interactions derived from high-throughput ChIP-seq or other experiments 368 and seeks to collect evidence and meta-data in the biomedical literature to support the interaction. It should 369 be noted that annotating a priori known interactions differs significantly in scope and complexity from 370 general text-mining approaches for biomedical relation extraction. The later attempts to extract the causal 371 relation from biomedical text directly, without prior knowledge of the entities and the interaction, whereas 372 in our method the relation is know from biological experiments and curated databases a priori, thereby 373 reducing the complexity significantly. This approach bridges the gap between data-driven methods and 374 text-mining methods for constructing causal transcriptional gene regulatory networks and overcomes some 375 of the drawbacks of either approach. With the rapid increase in high-throughput experiments and 376 biomedical literature, hybrid method such as the one proposed can make a significant impact in biological 377 knowledge retrieval.
378
We used a gold-standard manually curated dataset and demonstrated that our approach can reliably identify 379 the relevant literature and extract the correct interaction and meta-data. We applied our method to high-380 throughput ChIP-seq data and provided literature support for ~1,500 interactions. Our annotated ChIP-381 derived transcriptional regulatory interaction can be used in conjunction with directional enrichment 382 methods that aim to identify regulators of differential gene expression. Moreover, we use our system to 383 annotate the interactions in the TRRUST database for which more of regulation is not reported. Our system 384 can also be used as a tool to mine the literature for investigate interactions in newly performed ChIP-seq 385 experiments, where researchers are interested to investigate a specific interaction between a protein and a 386 gene. To facilitate usage, we implemented an HTTP REST server for users to programmatically annotate 387 gene regulatory networks using ModEx available to download at: https://watson.math.umb.edu/modex/.
388
The annotated ChIP-network as well as annotated TRRUST can be obtained from: 
